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Available online xxxxCrop genetic improvements catalysed population growth, which in turn has increased the
pressure for food security. We need to produce 70% more food to meet the demands of 9.5
billion people by 2050. Climate changes have posed challenges for global food supply, while
the narrow genetic base of elite crop cultivars has further limited our capacity to increase
genetic gain through conventional breeding. The effective utilization of genetic resources in
germplasm collections for crop improvement is crucial to increasing genetic gain to address
challenges in the global food supply. Genomic selection (GS) uses genome-wide markers
and phenotype information from observed populations to establish associations, followed
by genome-wide markers to predict phenotypic values in test populations. Characterizing
an extensive germplasm collection can serve a dual purpose in GS, as a reference
population for predicting model, and mining desirable genetic variants for incorporation
into elite cultivars. New technologies, such as high-throughput genotyping and phenotyp-
ing, machine learning, and gene editing, have great potential to contribute to genome-
assisted breeding. Breeding programmes integrating germplasm characterization, GS and
emerging technologies offer promise for accelerating the development of cultivars with
improved yield and enhanced resistance and tolerance to biotic and abiotic stresses.
Finally, scientifically informed regulations on new breeding technologies, and increased
sharing of genetic resources, genomic data, and bioinformatics expertise between
developed and developing economies will be the key to meeting the challenges of the
rapidly changing climate and increased demand for food.
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2 T H E C R O P J O U R N A L X X ( X X X X ) X X X1. Introduction
Crop breeding and genetic improvement were evident from the
beginning of crop domestication 12,000–10,000 years ago [1,2],
most likely by local farmers’ selections based on the phenotype
of key agronomic traits such as anti-shattering, high yields [2,3].
The advancements of crop breeding contributed significantly to
meeting the needs of the human population, reaching three
billion by 1960, before the beginning of the Green Revolution.
Crop breeding equipped with modern genetic techniques led to
the Green Revolution that produced varieties of staple cereal
crops with several agronomic traits associated with significant
increases in yield. Genetic techniques have also seen the
stabilization in crop yield through the incorporation of genes
for improved pest and disease resistance [4,5]. However, the
increase in food productivity over time, while facilitating food
security in the short run, has served as a catalyst for further
population growth, which has again increased the pressure for
food security [4]. Meeting the demand for more nutritious food
around the globe, given climate change and increased compe-
tition for land and water resources, is a critical global challenge
of our time.
Crop domestication and breeding transiting wild species to
landraces, and further to elite genotypes were accompanied
by a substantial narrowing of genetic diversity [6–9]. As a
result, current crop varieties typically exhibit lower levels of
genetic variation than their wild forms, especially in genomic
regions that harbour agronomically relevant loci [10]. Narrow
genetic variability in current cultivars is limiting our capacity
to breed varieties with high yields, high grain quality, and
resilient to environmental and climatic changes. For example,
recent research in Australia found that early sowing com-
bined with slower-developing wheat varieties could benefit
from a longer growing season to increase wheat yields [11].
However, with the current understanding and breeding
strategies that have delivered increasingly faster-developing
cultivars over many decades, genotypes with slow develop-
ment have been discarded by breeders, and genetic variation
associated with slow development is currently lacking in
Australian wheat cultivars. Because genetic diversity repre-
sents the fundamental key to breeding success and wide
variation provides the basis for breeders to select varieties
with continually improving crop performance, the conse-
quences of direct intensive selection pose serious challenges
for further crop improvement. Climate change is one of the
significant challenges in producing sufficient food [12,13].
Warmer and hotter, with more frequent, extreme climate
events have been projected for the 21st century [14,15].
Modelling crop growth and climate change have generated
robust estimates of the potential impact of the climate under
different emission scenarios on global crop production, with
studies often concluding that dramatic climate changes could
reduce yields in most crop species [16–19]. Indeed, a recent
analysis examining the historical record of crop production
suggested that changing climate has stalled wheat yields
since 1990 in Australia [20].
The development and adoption of stress-resilient crop
cultivars are imperative to ensure the sustainability of
agricultural production and global food security. UncertaintiesPlease cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.0in future climate change and the unprecedented rate of
change require breeders to produce varieties that will perform
well in diverse environmental settings and quick enough to
keep pace with climate change [13]. To overcome the
challenges, modern breeding will require: 1) significantly
shorter breeding cycles; 2) development of varieties adapted
to the current and rapid changing climate; 3) new genetic
variability with potential to adapt future environments; 4)
novel gene combinations for agronomic traits with improved
grain yield, resistant to a wide range of biotic and abiotic
stress into elite varieties; 5) crop varieties with improved
nutrition and food quality but not at the expense of yield.
Breeding strategies to combine the power of genomic selec-
tion (GS) and the potential of an extensive collection of
germplasm, assisted by new technologies, will offer promise
in crop breeding to contribute to global food security. In the
following sections, we elaborate on how modern technologies
meet these challenges. As several recent research and reviews
have addressed the issue of using genomics to improve the
utilization of global collection of germplasm [21–23]. In this
review, we aim to explain how new technologies could
empower the genomic selection.2. The potential of germplasm collections
Germplasm collections have high levels of genetic diversity in
many valuable agronomic traits. Many examples show that
the genetic resources in germplasm collections can lead to
substantial improvements in grain yield and agronomic
performance, including the discovery and incorporation of
beneficial genes such as the yellow leaf curl virus gene TY-1 in
tomato [24], submerge tolerance gene Sub1 in rice [25], and
disease resistance gene nMlo in barley [26]. More than seven
million crop plant accessions are currently held in gene banks
worldwide, which represents one of the greatest, but mostly
unexploited, opportunities for breaking crop productivity
bottlenecks to accelerate yield gains [27]. Obstacles in
exploiting germplasm include the overwhelming scale of
germplasm collections, and our lack of an integrated meth-
odology to use it, namely, how to: 1) accurately characterize
germplasm accessions on a large scale, and 2) how to identify
useful alleles and transfer them into elite cultivars for
successful exploitation. Advances in high-throughput pheno-
typing and genotyping technologies, together with emerging
biotechnologies, now provide opportunities to use exotic
genetic variation in crop breeding [21–23].
There are challenges for sustainable use of germplasm and
genetic resources. Current institutional policies and practice
usually only allow resource sharing under restrictive licences,
which may discourage cooperation in research and develop-
ment activities [28]. Other challenges involve how benefits
derived from the use of resource should be shared among
those that have contributed to the collection and conservation
of those resources [29]. Such challenges may be overcome
through coordination to develop international obligations to
share benefits derived from the use of genetic resource in
exchange for the access to, and the use of, genetic resources in
the development of new commercial varieties [29,30].mic selection and the potential of germplasm in crop breeding
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Genomic selection assumes that the additive effects of many
genes control the genetic variance for a trait, at a scale of
hundreds to thousands of variants each with small effects
[31]. Most of these variants may not be mappable or
identifiable due to their minor effects. Instead of identifying
associated loci for the trait, GS first uses genome-wide marker
and phenotype (of the trait/s of interest) information from
observed populations to establish associations between
markers and phenotypes. It then uses genome-wide markers
to predict the genetic value of test populations. Genomic
selection has been successful in livestock breeding, with an
estimated doubling of genetic gain in some species [32]. The
success of the underlying methodology has influenced plant
breeding [4].
The theoretical foundation for GS is Fisher's infinite model
[33] that assumes that multiple genes could contribute to trait
variation in the population. Genomic best linear unbiased
prediction (GBLUP) models have been developed, based on
Fisher’s infinite model, and are widely used for GS analysis
[34]. Recently, GBLUP modelling has been extended to
incorporate G × E interactions to improve prediction accuracy
[35–39]. With GS gaining momentum, new prediction models,
using computationally efficient Markov Chain Monte Carlo
and Bayesian methods, have also been developed to consider
non-additive genetic effects, the combined analysis of multi-
ple traits in multiple environments, and conditional distribu-
tions of trait parameters [40,41].
A ‘reference population’ is necessary for GS, no matter
which model is used. The reference population (or training
population) consists of individuals that have been genotyped
and phenotyped for the trait of interest and is used to build
the predictive regression model or to train prediction models
using machine learning techniques. The performance of
genotyped individuals that have not been phenotyped (the
‘test population’ or ‘selection candidates’) can, therefore, be
predicted without conventional field or glasshouse trials. For
high prediction accuracy, a large reference population with
high-density genome-wide markers is needed [28,42]. For
example, Xu et al. [43] used 575 hybrid rice accessions as the
reference population and achieved a high prediction accuracy
of 0.64. A reference population and the consequent prediction
model should be adaptable and updatable with regard to the
marker density and phenotypes. Muleta et al. [44] showed that
an updatable training population could improve prediction
accuracy. Noticeably, Wallace et al. [4] argued that even a
moderate prediction accuracy might be enough to progress
crop breeding and be more cost-effective than otherwise
possible.
The best-recognized advantage of GS in crop breeding is its
potential to increase genetic gains in less time and shorten
breeding cycles with higher efficiency in resource usage,
relative to the conventional approach. Conventional
crossing-selection breeding can take 10–30 years to produce
a cultivar with the desired agronomic performance [13]. The
climate, environment, and best agronomic practice at the
time of cultivar release may be very different from when it
was developed; therefore, efforts to develop climate andPlease cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.04stress-resilient cultivars may lag behind the changing climate
and environment. Genomic selection uses genome-wide high-
density markers as predictors for assessing and selecting
early generations in breeding programmes, thereby facilitat-
ing the rapid selection of superior genotypes and shortening
the breeding cycle. Breeding research at International Maize
andWheat Improvement Center (CIMMYT) has shown that GS
can reduce the breeding cycle by at least half and produce
lines with significantly increased agronomic performance
[45].
Soybean was among the first crops where GS was used to
improve yield and agronomic traits using genotyping-by-
sequencing (GBS) in a breeding program [46]. Further practices
have demonstrated the potential of GS to develop superior
lines quickly and enhance the rate of genetic gain in other
legume crops, such as pea, soybean, chickpea, groundnut, and
pigeon pea [47]. In rice, Xu et al. [43] showed genetic gains of
19–76% in multiple traits, including grain yield per plant,
thousand-grain weight, panicle number per plant, plant
height, secondary branch number, grain number per panicle,
panicle length, and primary branch number. The GS-assisted
breeding research is evident in a wide range of crop and
horticultural plants, such as rice [43,48], wheat [49,50], maize
[51–53], barley [54]; millets [55], banana [56], cacao [57], carrot
[58], cassava [59], soybean [46,60], and strawberry [61].
Recently, GS was also used for selecting parents for generating
new breeding population, for example in wheat [62], rice [63],
and maize [64].
The simultaneous selection for several agronomically
important traits has been a challenge, and observations
often show that some of these traits are negatively correlated,
such as grain yield and protein content in wheat [65].
Significant genetic improvement is now possible by simulta-
neously selecting multiple traits, even those that are nega-
tively correlated, through GS to develop varieties that
combine several superior agronomic traits. For example,
Michel et al. [66] showed a substantial selection response for
high protein content while maintaining high yield using GS,
despite the negative correlation between the two traits. Zeng
et al. [48] reported the successful development of new elite
varieties by combining major genes that significantly contrib-
ute to grain quality and yield over five years using a GS
breeding approach.
Genomics selection becomes increasingly attractive in
crop breeding, it is, however, not without limits and chal-
lenges. Juliana et al. [67] detailed technical challenges of
applying GS in breeding of bread wheat, ranging from poor
prediction accuracies across nurseries and families to com-
plication of genotype and environment interactions. Here we
recognize an additional limit. It has long been recognized that
the efficiency of MAS depends on the genetic architecture of
the trait [68]. For phenotypic traits with low heritability, such
as grain yield, genomic selection using genotype and pheno-
type can substantially improve selection accuracy [69].
However, for traits with high heritability, such as plant height
[60], disease resistances [70], grain weight [71], GS may have
less advantages over the phenotype-based selection, as the
cost-to-genetic-gain ratio of marker profiling (DNA sequenc-
ing) may not as competitive as the direct phenotypic selection
for such traits.mic selection and the potential of germplasm in crop breeding
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selection
The key to the success of GS is the establishment of a large,
adaptable and updatable reference population for the prediction
model [44]. Ideally, the reference population should contain a
high level of genetic diversity, particularly of the desired traits, as
predictive models usually achieve high accuracy when the
genotype and phenotype to be tested are within the variation
spectrum of the reference population. In contrast, depleted
genetic diversity in current cultivar gene pools of traits related
to, for example, yield gain, product quality, and adaptive to
altered biotic and abiotic stress, requires the introduction of new
genetic variation into the current elite cultivars [11]. Conventional
methods for using diversity in germplasm only select subsets of
lines from a collection of some pre-defined criteria (e.g. pheno-
type or geographical origin) for gene discovery and introgression
breeding and only a small amount of diversity can be captured
because of the constraints in costs and logistics. Integrating the
characterization of germplasmand genomic selection could offer
unique potential and power in crop breeding when using a large
germplasm collection that has been genotyped and phenotyped
as a reference population in the GS [45].
A large germplasm population can serve a dual purpose: 1) to
serve as a training population in the prediction model, and 2) to
characterize the germplasm accessions at a large-scale to mine
desirable genetic variants for introduction into elite cultivars
through the crossing. A large germplasmcollection as a reference
population in GS promises high prediction accuracy. Early
research suggested that maximizing the phenotypic variance in
the training population is the key to increase the prediction
ability in GS [72,73]. Research so far shows promising prediction
accuracies for potential use in germplasm [49,53,58]. For example,
Crossa et al. [45] achieved a prediction accuracy of 0.5 to 0.7 for
several agronomic traits (e.g. maturity, quality traits, and grain
yield and yield components) when examining 8416 Mexican
wheat landrace/accessions and 2403 Iranian wheat landrace
accessions from theCIMMYTgenebank. In soybean, Jarquín et al.
[74] have revealed relatively high prediction accuracies when
analyzing the USDA soybean collection. These preliminary
results on the accuracy of GS using gene bank accessions
demonstrate the enormous potential of applying GS to introduce
genetic variation in landrace/accessions into elite germplasm to
form gene pools and populations suitable for pre-breeding
programs. In situations with extremely large collections—for
example, tens to hundreds of thousands—a representative core
collection at the manageable size of thousands, determined by
clustering, can effectively accelerate the flow of novel genes from
gene bank accessions to elite lines within reasonable cost and
logistics requirements. The reference population built from the
germplasmcollection is updatablewith additional genotypes and
phenotypes of new accessions, landraces or even wild species
into the model [44].5. Technologies can empower the genomic selection
One single tool or technology is unlikely to achieve the desired
genetic gain to meet the challenges of crop breeding. ThePlease cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.0rapid advancement and successful integration of techniques
and concepts in genotyping, phenotyping, cutting-edge bio-
techniques and bioinformatics will provide an unprecedented
opportunity to use the potential of germplasm and power of
GS to accelerate crop breeding. Below we discuss some key
techniques that can be used in GS.
5.1. High-throughput DNA sequencing technology
High-throughput DNA sequencing technology fundamentally
enables the power of genomic selection. When Meuwissen and
colleague proposed the framework for predicting breeding
values using genome-wide marker information [75], the tech-
nology to generate genome-wide markers did not exist (simu-
lated data were used in their paper). With genotyping
technologies becoming more advanced and more affordable,
high-density genome-wide markers generated from sequence
data are nowavailable for allmajor crop species. Genotyping-by-
sequencingwas among the first in crop genotyping andprovided
powerful tools for rapid, high-resolution mapping of genetic
variation underlying agronomic traits of interest [4]. Commer-
cially available SNP arrays target alleles of interest and allow
rapid genotyping of large numbers of markers across the
genome without the need for sequencing [76]. With the
advancement of sequencing methodologies, and its cost to be
reduced to < $10 per Gb data in the late 2010s to $1 per Gb soon, it
is possible to produce genome-wide high-density genotyping of
an entire germplasm collection with thousands of accessions
through whole-genome sequencing in a short time frame. High-
throughput genotyping platforms also open theway for targeted
variant enrichment, allowing rapid genotyping of large numbers
of hybrids or inbred lines for phenotype prediction.
5.2. Targeted enrichment of genetic variants associated with
important agronomic traits
Whole-genome sequencing could provide a complete geno-
mic characterization of a species with up to 50 million
common variable sites in the genome, while most of them
probably do not imply phenotypic variation [4]. For traits of
agronomic importance, significant DNA variants (SNPs) can be
determined through targeted enrichment, such as reduced-
representation sequencing, which would significantly reduce
the cost of sequencing, facilitating the screening of a large
number of individuals for the desired phenotype in GS.
Reduced-representation sequencing includes exome capture
or transcriptome sequencing that enables targeted identifica-
tion of SNPs in protein-coding genome regions that is even
more efficient when a reference genome is available. Capture
probes can be custom designed to target specific chromosome
regions that harbour candidate genes for traits of interest
across a given species of interest [77–81]. Current methods
allow the rapid discovery of a large number of DNA variants at
low cost, which enables flexible scaling of resequencing work
to deal with many genes at low cost in large test populations
using GS. However, it is worth noting that reduced-
representation sequencing strategies such as exome capture
and transcriptome sequencing may miss important genetic
variation as these techniques ignore intergenic regions that
control a significant fraction of trait variation [82].mic selection and the potential of germplasm in crop breeding
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Table 1 – An incomplete list of commercially available
phenotyping platforms.
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Conventional methods in crop breeding require large-scale
field trials and subsequent phenotyping of multiple agro-
nomic traits, which leads to the ratio of selected individuals:
screened individuals to close to one in one million. The power
of GS is its capacity to accelerate genetic gains by shortening
the breeding cycle, as the phenotype of tested hybrids of
inbred lines is predicted with a computer, rather than
measured in the field. Genomic selection, however, requires
a large training population with precisely measured pheno-
types across multiple environments to enhance prediction
accuracy. Phenotyping of multiple agronomic traits simulta-
neously with high precision has been a significant bottleneck
that limits the power and scale of many breeding
programmes. High-throughput phenotyping platforms
(HTPPs) now allow precise measurements of phenotypic
variation in individuals, mostly in a non-destructive way
allowing continuous measurements through developmental
stages [83], representing a technology breakthrough in crop
breeding and precision agriculture [84].
Remote sensing is one the core technologies in high-
throughput phenotyping, and it can be used for a wide range
of crop breeding objectives, including growth assessment [85],
biomass and yield potential [86,87], adaptation to abiotic, e.g.
drought [88], and biotic (susceptibility to pests and diseases).
Remote sensing relies on sensory cameras, with multispectral
cameras among themost widely used for cropmonitoring and
phenotyping [84]. Sensory cameras are usually carried by
ground-based or aerial vehicles. Several remoting sensing
platforms for high throughput phenotyping have been devel-
oped and commercially available (Table 1). These platforms
range from ground-based to aerial systems and are usually
equipped with multispectral sensory cameras and global
positioning system (GPS) navigation device.
Among the current available platforms, remote sensing
with unmanned aerial vehicles (UAV) offers unprecedented
spectral, spatial and temporal resolution for a range of crop
vegetation characteristics [89]. It can provide increased power
to generate a large scale of phenotype data to be used in
genomics-assisted plant breeding. The massive amounts of
data collected can then be processed and analyzed for
modelling through high-performance computing approaches.
Watanabe et al. [90] evaluated the potential of remote sensing
with UAV in phenotyping sorghum for training data in a GS
model. They concluded that GS models generated with
remote sensing perform similar to models with data collected
with traditional measurements. Hassan et al. [91] drew a
similar conclusion when phenotyping plant height for GS
model in bread wheat. They emphasized that remote sensing
with UAV provides a much faster way to obtain time-series
estimates of phenotypes than traditional methods. The
integration of high-throughput phenotyping technologies to
measure multiple agronomic traits with high spatiotemporal
resolution in GS offers great potential to increase selection
intensity and efficiency, and thereby accelerates genetic gains
in crop breeding.
Despite the promising perspective of high throughput
phenotyping, significant challenges need to be overcome for
it to have a real benefit to breeding programmes. For somePlease cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.04traits, such as root morphology and architecture, phenotyping
technologies need to be refined to provide non-invasive image
acquisition with appropriate spatial and time resolution [92].
While a range of automated and semi-automated phenotyp-
ing platforms are currently available for quantitative and
dynamic analysis of phenotyping [93,94], the practicability of
these methods under various field conditions also remains a
challenge. Third, adopting high-technology phenotyping tools
by ground or aerial platforms requires a large initial invest-
ment, which imposes a significant difficulty for high-
throughput phenotyping as low-cost tools that can be applied
across geographic locations with varying environmental
conditions, especially in low- or middle-income [95].
5.4. The potential power of gene editing
The critical genetic technique to further increase the strength
of GS-assisted breeding is genomic editing. Wallace et al. [4]
predicted that direct genome editing would likely replace
crosses as the most efficient way to alter specific alleles and
pack desirable genetic variation into optimal combinations.
Genome editing allows targeted mutations in crop genomes
with base-pair precision (see Fig. 1 for a schematic illustra-
tion). Recently, CRISPR/Cas9 has emerged as one of the most
promising systems to edit the crop genome with reported
applications in rice, wheat, maize, banana, cassava, and
tomato [96]. The surge of research in genome editing using
the CRISPR/Cas9 system has seen these techniques increase
in precision and efficiency. Several reviews are available on
the potential of genome editing as a crop improvement tool
[97–99].
As gene editing targeting DNA at base-pair precision, the
bottleneck in realizing the potential of the gene-editing
technique is the discovery and prioritisation of agronomically
important genes [100]. The integration of gene editing and
mining superior alleles from germplasm collections and wild
relatives should be proven to be promising given the genetic
impoverishment of many crops [99]. The successful use of
gene-editing technology in breeding largely depends on our
understanding of the mechanism of the genes controlling themic selection and the potential of germplasm in crop breeding
.005
Fig. 1 – Schematic illustration of the use of genome editing and targeted mutation for crop improvement. (A) Schematic
illustration of the use of gene editing in genomic selection. The hypothetical scenario was to improve the elite Australian
barley cultivar “La Trobe” to flower ten days earlier to avoid increased terminal heat stress as a consequence of climate change.
Z49 is the number of days from sowing to the first awn emergence above the flag leaf in barley, as an indication of flowering.
Note that genomic prediction is implemented with genome-wide SNP profiles; (B) Gene editing to break down interfering
haplotypes in low recombination regions to form optimal haplotype combinations. +, beneficial allele; − deleterious allele. The
selection acts weakly on the ‘interfering’ haplotypes (A+ B− and A− B+), as the positive selection on one allele is counterbalanced
by negative selection on the other.
6 T H E C R O P J O U R N A L X X ( X X X X ) X X Xagronomic trait. Meanwhile, important agronomic traits (e.g.
yield) are usually quantitative and controlled by many loci,
editing in parallel on many genes could be a challenge in
current practice. However, even editing a limited number of
genes would likely progress breeding and lead to an improve-
ment, albeit a small one [4]. Recently, Rodríguez-Leal et al.
[101] propose to edit the regulatory sequences to generate new
transcriptional alleles for fine-tuning of gene expression, so
that most desirable transcriptional allele can be generated
directly and selected for breeding.Please cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.05.5. Rapid generation advance
For GS to have a practical benefit on crop breeding, the target
species should be able to achieve several life cycles per year
[12,102], making it possible to genetically screen a large
number of individuals of multiple generations in a short
time. Rapid generation advancement techniques have been
developed to accelerate breeding cycles and breeding progress
by minimizing crop life cycles and have contributed to crop
improvement [103–105]. Varieties or germplasm accessionsmic selection and the potential of germplasm in crop breeding
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Table 2 – An incomplete list of software for genomic
selection.





















































































7T H E C R O P J O U R N A L X X ( X X X X ) X X Xwith extremely long or short life cycles have been observed in
many crop species, which provide a useful platform for
achieving rapid generation advancement. Currently, four to
seven generations per year can be achieved in crop species
such as barley, canola, chickpea, durum wheat, and wheat
[106]. It may be possible to use controlled environmental
conditions, extended photoperiods, and tissue culture to
achieve even more generations within a year, which can
further speed up genomic selection and breeding.
5.6. Bioinformatic analysis of genomic data: tools and resource
Bioinformatic analysis of genomic data is a critical component
of crop genomics. The cost for the analysis of genomic data
has now surpassed that of genomic sequencing, and bioinfor-
matic analysis increasingly becomes a bottleneck in genomic
studies [107]. The rapid development of analytic tools in
genomic studies and the availability of powerful personal
computers now allow researchers without advanced pro-
gramming skills to be able to handle genomic data much
easier than ever before. Traditionally, many crop genomic
studies have used the user-friendly software package TASSEL
[108] to evaluate trait associations, evolutionary patterns, and
linkage disequilibrium in crop genomics. Recently, other tools
developed for human genetics, e.g., principal component
analysis software [109], PLINK [110], FaST-LMM [111], and
GCTA [112], have been actively used in crop genomics.
However, there has been limited interest in crop genomics
with regard to the use of summary statistics [113], gene-set
genome-wide association studies [114,115], and epistatic
analysis [12,116], and multi-traits GWAS [117], which could
be a fruitful area for future research. For GS and prediction
models, several software packages are available (Table 2).
Roorkiwal et al. [118] tested several models and relevant
software packages (e.g. RR-BLUP, Kinship GAUSS, Bayes Cp,
Bayes B, Bayesian LASSO, and random forest regression) in
chickpea, and concluded that most of these models could
produce high and consistent prediction accuracies for the
traits of interest. In the meantime, web and cloud-based
bioinformatics platforms, e.g. Galaxy (https://usegalaxy.org/)
and GenomeSpace (www.genomespace.org/), provide accessi-
ble, reproducible, and transparent bioinformatic analysis,
where complete computational studies can be built and
shared through easy-to-use web interfaces. These platforms
provide access to a diverse range of bioinformatics tools and
bridge the gap between the tools, making it easy to integrate
the available analyses, which will significantly facilitate crop
genomic analysis for researchers who may not have the
advanced computing skills needed for bioinformatics
analysis.
Recently, publicly accessible database systems designed to
manage and share information for crop improvement have
become available. For example, the Triticeae toolbox (https://
triticeaetoolbox.org/), incorporating the Triticeae toolbox (T3),
Hordeum toolbox and T3 Oat, provides information on
germplasm lines, pedigrees, and genotype and phenotypic
data from breeding programs and core germplasm collections
maintained by the USDA. Others include the integrated
breeding platform (https://www.integratedbreeding.net/),
wheat specific information consortia (http://wheatis.org/)Please cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.04and rice informatics consortium (http://iric.irri.org) that are
designed to collate and translate genomic information for
crop improvement. The significant challenges are the inte-
gration of such extensive, diverse data, and presentation to
end-users in a user-friendly way with high efficiency.
5.7. Machine learning for genomic selection
Genomic selection requires adaptive prediction models that
can provide accurate predictions of agronomic performance
from large-scale genomic and phenotypic data that are
usually complicated by multiple trait-environment combina-
tions. The challenge for GS is the sheer and ever-increasing
volumes of genomic and phenotypic data and complexity.
Machine learning in genomic research offers a powerful tool
to meet this challenge. Machine learning uses statistical
techniques to allow computer systems to progressively
analyze the dependencies of data and improve the perfor-
mance of a program [127]. Machine learning can dissect
complex relationships from massive biological datasets with-
out a pre-defined genetic/biological hypothesis, which is
particularly useful in GS, as the pathways from genes to
phenotype are usually more complicated than simple additive
effects. For example, machine learning with neural network
approach builds multi-layered neural networks containing amic selection and the potential of germplasm in crop breeding
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8 T H E C R O P J O U R N A L X X ( X X X X ) X X Xlarge number of neurons (data points) with non-linear transfor-
mations to model the complex dependent relationships within
the extensive data (training population), further to predict a
response variable (predicted phenotype value) in the input
dataset (test populations) with improved performance [128].
Machine learning procedures can employ either a linear or
a non-linear algorithm for predictionmodel [129–131]. Current
comparative research suggests that no single method per-
forms best in all cases [132–134]. Elements such as the size of
the training dataset, the number of markers, the heritability
and genetic architecture of the target trait, can all affect the
performance of a particular algorithm [135–137]. Deep learn-
ing through such as neural network, are gaining popularity in
genomic selection models, researches so far, however, did not
find it outperforming other linear or non-linear models
[132,133], though Azodi et al. believe that strategies, such as
feature selection, seeded starting weights, may boost their
performance [134]. It is therefore wise for breeders to test the
performance of multiple models on the training population to
identify the algorithm or a combination of algorithms
performing best for target traits in their breeding program.6. The role of agronomic practices and public
concerns on genetic technology
It should be noted that agronomic inputs, such as labour,
machinery, fertilizer and irrigation [138,139], and agronomic
practices, such as early sowing [140], optimization of life
duration [141], precision fertilization and irrigation, and disease
management, are also critical for increasing and stabilizing crop
production for global food security. Furthermore, the potential of
genomic selection for increasing food security by improving crop
yield, drought tolerance, or nutrition level can only be realized if
the public accepts the products. Despite the promise of new
biotechnologies, such as gene editing, and strong support from
the scientific literature regarding safety and sustainability
[142,143], many countries have strict regulations on its applica-
tion in food production because of the varying acceptance from
the public. Successful development and dissertation of high-
yieldingand climate-resilient cropvarieties couldserve as a clear
example to demonstrate the capacities of using new biotechnol-
ogies in crop breeding to build the public’s trust.7. Concluding remarks
By selecting superior crop phenotypes in the past 12,000 years,
humankind can produce one billion tons of food a year to feed
6.5 billion people at the beginning of this millennium [144].
Advances in crop breeding and improved agronomic practices
facilitate food security, but also catalyse further population
growth, which feedbacks to increased pressure for food
security [4]. Seventy percent more food needs to be produced
by 2050, when the global population will exceed 9.5 billion as
projected [145]. Added to this, dramatic climate changes will
impact and destabilise the yields of most major crops, and the
narrow genetic base of elite cultivars of major staple crops has
limited our capacity to increase genetic gain through conven-
tional breeding. Genomic selection assisted breeding canPlease cite this article as: T. He and C. Li, Harness the power of geno
for global fo..., The Crop Journal, https://doi.org/10.1016/j.cj.2020.0rapidly produce genetically improved elite varieties, which is
crucial if we are to sustain crop production in environments
with rapid climate change. Current constraints in crop
breeding can be partially addressed by the recent emergence
of gene-editing technology that provides practical applica-
tions and tools to efficientlymodify the relevant genes to form
a desirable combination of beneficial genes to introduce into
elite cultivars through genomic-assisted breeding methods
[142]. The integration of germplasm characterization, high-
throughput genotyping and phenotyping, machine learning in
genomic analysis, and new biotechnologies will accelerate the
development of climate-resilient cultivars with improved
yields and enhanced resistance/tolerance to anticipated biotic
and abiotic stresses to increase and stabilize crop production
in farmer’s fields, especially in the developing world and areas
with stalling production as a consequence of rapid climate
and environmental changes.
Finally, most undernourished people live in rural areas in
developing countries, and agricultural outputs are the pri-
mary source of their food and income. Increased and
sustained improvements in agricultural productivity, particu-
larly crop production, are the key to their future food security
and central to their socio-economic development. Genomic
selection has excellent potential for improving and stabilizing
crop production, but in most cases that potential is yet to be
realized, which is particularly true for species outside of the
major staple crops, such as the so-called orphan crops [146],
and in countries outside the developed world. GS requires
high-throughput genotyping systems and bioinformatics
expertise that is inaccessible to most breeding programs in
developing countries. Increased sharing of genomic resources,
genomic data, and bioinformatics expertise between devel-
oped counties, developing regions and emerging economies
will be the key to global food security in the era of rapid
climate and environmental change [29,147].Declaration of competing interest
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